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Abstract

This paper develops a new approach for reliability-based design (RBD) of tunnel face support pressure from a quantile value perspec-
tive. A surrogate model is constructed to calculate the collapse pressures of the random samples generated by a single run of Monte Carlo
simulation (MCS). The cumulative distribution function (CDF) of the collapse pressure is then obtained and the support pressure aiming
at a target failure probability is chosen as the upper quantile value of the collapse pressures. The proposed approach does not require
repetitive reliability analyses compared to the existing methods. Moreover, a direct relationship between the target failure probability and
the required support pressure is established. An illustrative example is used to demonstrate the implementation procedure. The accuracy
of the reliability-based support pressures is verified by direct MCS incorporating with three-dimensional numerical simulations. Finally,
the influencing factors, including the sample size of MCS, the correlation coefficient between random variables, the choice of experimen-
tal points, and the surrogate model, are investigated. This method can play a complementary role to available approaches due to its
advantages of simplicity and efficiency.
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1 Introduction

In tunnelling engineering, face stability has become an
increasing concern (Fernández et al., 2021; W. Li et al.,
2021; T. Li et al., 2021; Ahmed & Iskander, 2012;
Anagnostou, 2012), especially for tunnels with shallow
overburden and tunnels that are driven in sandy ground
(Pan & Dias, 2016, 2018) because face collapse is very likely
to happen due to insufficient shear strength of soil. If a tun-
nel face is evaluated to be unstable, at least a stabilization
measure is needed to ensure safety. Among these measures,
applying support pressure is the most direct way and the
https://doi.org/10.1016/j.undsp.2024.01.003

2467-9674/� 2024 Tongji University. Publishing services by Elsevier B.V. on b

This is an open access article under the CC BY-NC-ND license (http://creativeco

⇑ Corresponding author at: Department of Road and Bridge Engineer-
ing, School of Transportation and Logistics Engineering, Wuhan Univer-
sity of Technology, Wuhan 430063, China.

E-mail address: phdlibin@foxmail.com (B. Li).

Peer review under the responsibility of Tongji University.
key is to determine the limit support pressure (or the col-
lapse pressure). In past decades, various analytical methods
(Anagnostou & Kovári, 1996; Leca & Dormieux, 1990),
experimental methods (Leca & Dormieux, 1990;
Chambon & Corté, 1994), and numerical methods (Li
et al., 2015, 2020) have been developed to solve this
problem.

If the uncertainties associated with material properties
of soil are considered, face stability is a probabilistic prob-
lem, and the main tasks become: (1) evaluation of failure
probability (i.e., forward reliability analysis); (2) design of
the support pressure aiming at a target level of reliability
(i.e., inverse reliability analysis or reliability-based design
(RBD)). Forward reliability analysis can be done by typical
reliability methods including the first-order reliability
method (Zhao, 2022), the response surface method
(RSM) (Hamrouni et al., 2017), and Monte Carlo simula-
tion (MCS) (Cao et al., 2019, 2017; Pan & Dias, 2017a),
ehalf of KeAi Communications Co. Ltd.
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whereas inverse reliability analysis (Ji et al., 2019) needs to
repeat reliability analyses until the target reliability index is
achieved (Ji et al., 2021; Mollon et al., 2009b). This process
is usually conducted using the trial-and-error method,
which may be tedious and very time-consuming (Li et al.,
2020).

This study extends the recently developed quantile value
approach (Li et al., 2023a, 2023b) to RBD of tunnel face
support pressure by defining the performance function as
the difference between the applied support pressure and
the limit support pressure (or collapse pressure). A surro-
gate model is constructed to predict the collapse pressures
of MCS samples, and the cumulative distribution function
of the collapse pressures is utilized to identify a quantile
value as the support pressure to meet a target reliability
index. This approach can be applied to other problems
where the design parameter of interest cannot be directly
represented by the involving random variables.

The main advantage of the proposed approach is that a
direct relationship between the target failure probability
and the required support pressure is established according
to a single run of MCS. This approach does not require
repetitive reliability analyses compared to the existing
methods. Moreover, the obtained cumulative distribution
function of the collapse pressures can serve as a design
chart, which allows a design aiming at any failure probabil-
ity to be efficiently performed.

2 Methodology

2.1 Tunnel face stability analysis

Figure 1(a) illustrates the mechanical balance of a tunnel
face in the longitudinal direction. According to existing lit-
erature, tunnel face stability is influenced by three cate-
gories of factors: (1) the geometric parameters of the
tunnel including the buried depth H , the diameter D, and
the unsupported length L; (2) the material properties of
the soil including the unit weight c, the cohesion c, and
the friction angle u; (3) the surcharge loading q.
Fig. 1. Schematic diagram
Consider a tunnel with deterministic geometric parame-
ters (H , D, and L), the face stability is affected by the other
four parameters. The shear strength of soil (i.e., c and u)
provides the resistance to the sliding force of the body V f

along the failure surface Sf . Let R ¼ f 1ðc;uÞ and
S ¼ f 2ðq; cÞ denote the combined effects of resistance and
load in the x direction, respectively.

For R < S, the tunnel face is initially unstable, meaning
that a collapse pressure rc ¼ S � R will be generated. This
pressure is also referred to as the limit support pressure if it
is applied in the direction to prevent face collapse, as
shown in Fig. 1(b). Under rc, the equilibrium in the x direc-
tion is achieved, i.e.,X

Px ¼ rc þ R� S ¼ 0: ð1Þ

Based on this, the performance function concerning tun-
nel face stability can be defined in a simple form:

G ¼ rT � rc: ð2Þ
The tunnel face is stable for rT � rc, and unstable other-

wise, as shown in Fig. 1(c).
2.2 Reliability-based design of support pressure

The collapse pressure rc may change if any impact fac-
tor changes. Let h ¼ ½D;H ; c;u; c; q� denote the vector of
the impact factors. Then, the relationship between h and
rc can be written as rc ¼ gðhÞ. Note that the influence of
the surcharge loading q on tunnel face stability can be
ignored for deep-buried tunnels. Under these circum-
stances, the vector becomes h ¼ ½D;H ; c;u; c�.

If some impact factors like c and u are considered to be
random variables, N MCS samples can be obtained from
the probability density functions (PDF) of c and u, gener-
ating N collapse pressures calculated by rc ¼ g hð Þ: The
support pressure rT can be chosen from these collapse pres-
sures, meaning that there are N candidate support pres-
sures, each of which corresponds to a candidate limit
state surface, as shown in Fig. 2. The limit state surface
can be expressed as G rT; hð Þ ¼ rT þ R� S ¼ 0, which sep-
of tunnel face stability.



Fig. 2. Algorithm of the proposed method. (a) rT ¼ 0, and (b) rT ¼ ri
c:
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arates the feature space into a safe domain (G � 0) and a
failure domain (G < 0).

Let h1 ¼ ½D;H ; c1;u1; c; q� denote the random sample
that has the smallest collapse pressure r1

c ,
h2 ¼ ½D;H ; c2;u2; c; q� has the second smallest collapse pres-
sure r2

c , and so forth. If the support pressure is chosen as
rT ¼ rm

c ¼ 0 ð0 � m � NÞ, the limit state surface can be
expressed as G rT; hð Þ ¼ G 0; hð Þ ¼ R� S ¼ 0. The samples
with negative collapse pressures are stable, whereas the sam-
ples with positive collapse pressures are unstable, as shown in
Fig. 2(a).

For a different choice of the support pressure, e.g.,

rT ¼ ri
c, the limit state surface G 0; hð Þ moves to G ri

c; h
� �

,

as shown in Fig. 2(b). The samples from h1 to hi�1 are stable
because the applied support pressure is larger than the col-
lapse pressures, i.e., rT ¼ ri
c � rk

c ðk ¼ 1; 2; � � �; i� 1Þ. In
contrast, the samples from hiþ1 to hN are unstable because
rT ¼ ri

c < rk
c ðk ¼ iþ 1; iþ 2; � � �;NÞ. The number of fail-

ure samples is N � i, which should equal NP fT if P fT is the
target failure probability, i.e., N � i ¼ NP fT. As a result,
the rank i of the sorted collapse pressure can be determined
as i ¼ Nð1� P fTÞ.

The rank i implies that the support pressure rT aiming at
P fT is the ð1� P fTÞ quantile value of the collapse pressure
rc when the sample size N is sufficiently large. This conclu-
sion can be explained according to the relationship between
the PDF of the collapse pressure rc and that of the perfor-
mance function G ¼ rT � rc, as shown in Fig. 3. The hori-
zon axes rcðkPaÞ and GðkPaÞ denote the values of the
collapse pressure and those of the performance function.



Fig. 3. Illustration by PDFs of rc and G.
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When rT is chosen as the ð1� P fTÞ quantile value of rc,
it is a deterministic value and the PDF of G will have the
same shape as that of rc, except that the axes of rc and
G ¼ rT � rc are in the opposite direction, as shown in
Fig. 3. In addition, the y-axis of the PDF of G aligns with
rT, i.e., the ð1� P fTÞ quantile value of rc because it repre-
sents G ¼ rT � rc ¼ 0. This means that the probability of
rc > rT in PDF of rc equals the probability of G < 0,
and the target failure probability P fT is thus achieved.
Fig. 4. Implementation procedu
Note that different random samples may be located on
the same limit state surface, i.e., have the same collapse
pressure. In some cases, the failure probability may be
slightly overestimated if some of the random samples are
located on the determined limit state surface Gðri

c; hÞ ¼ 0,
but with ranks larger than i. Suppose that there are t ran-
dom samples hiþ1; hiþ2; � � �; hiþt on the limit state surface
Gðri

c; hÞ ¼ 0, the actual failure probability becomes
ðNP fT � tÞ=N since these t samples are not located in the
failure domain. This effect can be ignored when the sample
size N is sufficiently large. To observe this type of error,
both the collapse pressure ri

c and riþ1
c can be obtained from

the sorted dataset of collapse pressure. If riþ1
c is larger than

ri
c, this type of error does not exist. The support pressure

can be alternatively set to rT ¼ ðri
c þ riþ1

c Þ to guarantee
the stability of the sample hi (rT � ri

c > 0 and

rT � riþ1
c < 0) and the actual failure probability remains

the same as P fT.

2.3 Implementation procedure

Figure 4 gives the implementation procedure of the pro-
posed method, which consists of four main steps.

Step 1: Construct a surrogate model.
Based on the PDFs of the random variables c and u, as

well as the deterministic values D, H , c, and q, several
experimental points are chosen to determine the collapse
pressures, with the aim of constructing a surrogate model
rc ¼ g hð Þ to predict collapse pressures of unknown
samples.
re of the proposed method.
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Step 2: Generate N MCS samples.
The Latin hypercube sampling method is utilized to

obtain N MCS samples hk ðk ¼ 1; 2; � � �;NÞ from the PDFs
of the random variables and the deterministic values. To
ensure the accuracy of an MCS, the sample size is recom-
mended to be N � 100=P fT.

Step 3: Calculate the collapse pressures.
The collapse pressure of each random sample is calcu-

lated by rc ¼ gðhÞ. It is denoted by rk
c ðk ¼ 1; 2; � � �;NÞ,

and the dataset containing these collapse pressures is estab-
lished as Dr ¼ ½r1

c ; r
2
c ; � � �; rN

c �.
Step 4: Determine the support pressure.
The vector of the collapse pressures Dr ¼ ½r1

c ; r
2
c ; � � �; rN

c �
is then sorted in ascending order. The new vector contain-
ing the sorted collapse pressures is denoted by
D0

r ¼ ½r01
c ; r

02
c ; � � �; r0i�1

c ; r0i
c ; r

0iþ1
c ; � � �; r0N

c �, in which r01
c

denotes the smallest collapse pressure (may be negative),
r02
c the second smallest value, and so forth.
For a target failure probability P fT, the required support

pressure can be determined as rT ¼ ðr0i
c þ r0iþ1

c Þ=2, where
i ¼ Nð1� P fTÞ. On the other hand, the PDF and CDF of
the collapse pressures can be drawn since D0

r is available,
allowing the support pressure aiming at P fT to be deter-
mined as the 1� P fT quantile value.

3 Illustrative example

3.1 Description of the problem

To illustrate the use of the proposed method, a circular
tunnel that has a diameter of D ¼ 10m and a cover depth
of H ¼ 10m is considered to be driven in a c� u soil. For
simplicity, the effects of the unsupported length and the
surcharge loading are not considered in this study (L ¼ 0
and q ¼ 0).

The cohesion and the friction angle of soil are consid-
ered as normal random variables. The means are assumed
to be lc ¼ 7 kPa and lu ¼ 17�, and the coefficients of vari-

ation are assumed to be dc ¼ 20% and du ¼ 10%, respec-
tively. The other material properties, including the unit
weight c, the elastic modulus E, and the Poisson’s ratio t
are considered to be deterministic values, as summarized
in Table 1. The task is to determine the support pressure
aiming at different target reliability indexes.

3.2 Implementation and results

Step 1: Construct a surrogate model.
Table 1
Material properties.

Parameters lc ðkPaÞ lu(�) dc

Soil 7 17 20%
Temporary lining – –
The RSM (Mollon et al., 2009b) is utilized to approxi-
mate the relationship between the collapse pressure and
the random variables, i.e.,

rc ¼ g hð Þ ¼ g c;uð Þ ¼ a0 þ a1cþ a2uþ a3c2 þ a4u2; ð3Þ
where ai (i ¼ 0; 1; 2; 3; 4Þ are the unknown coefficients,
which can be determined by solving the following
equations:

rc1 ¼ a0 þ a1c1 þ a2u1 þ a3c12 þ a4u1
2;

rc2 ¼ a0 þ a1c2 þ a2u2 þ a3c22 þ a4u2
2;

rc3 ¼ a0 þ a1c3 þ a2u3 þ a3c32 þ a4u3
2;

rc4 ¼ a0 þ a1c4 þ a2u4 þ a3c42 þ a4u4
2;

rc5 ¼ a0 þ a1c5 þ a2u5 þ a3c52 þ a4u5
2; ð4Þ

where c1;u1ð Þ; c2;u2ð Þ; c3;u3ð Þ; c4;u4ð Þ; and c5;u5ð Þ repre-
sent five experimental points that are usually chosen as
the mean value point l and the 4 points each at l� kr,
and rc1; rc2; rc3;rc4; and rc5 the corresponding collapse
pressures that can be computed using numerical simula-
tions. Usually, the value of k can be set to 1, 2, and some
other values, meaning that different sets of experimental
points may be used to construct surrogate models.

To compute the collapse pressures, a three-dimensional
numerical model is built using FLAC3D, as shown in Fig. 5.
Due to symmetry, only half the model is considered. The
dimensions of the model are 35 m in the x-direction,
70 m in the y-direction, and 50 m in the z-direction, respec-
tively. The distances from the boundaries of the model to
the excavation periphery are set to three times the diameter
to avoid the boundary effects on the stability of the tunnel
face. The bottom of the model was fixed, and the vertical
boundaries of the model were constrained in the normal
direction.

The collapse pressure of each experimental point is com-
puted using the trial-and-error method and the bisection
algorithm (Pan & Dias, 2017b). The mean of a pair of
brackets ½rl

T; r
u
T� is chosen as the initial support pressure,

i.e., rT ¼ 0:5ðrl
T þ ru

TÞ, where rl
T denotes the lower bound

under which the tunnel face is unstable, and ru
T the upper

bound under which the tunnel face is stable.
The support pressure is applied to the tunnel face to

conduct a strength reduction analysis by issuing the com-
mand ‘‘solve fos bracket 1.0 1.0”, which can test whether
a system is stable by comparing the simulated unbalanced

force ratio (denoted by �) to the threshold (1	 10�5 by
default). The unbalanced force ratio is defined as the ratio
of the net force acting on a FLAC3D gridpoint to the mean
absolute value of force exerted by each surrounding zone.
du c ðkN=m3Þ E ðMPaÞ t

10% 18 240 0.3
25 10:9	 103 –



Fig. 5. Numerical model used in FLAC3D.
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For � � 1	 10�5, the tunnel face is stable, meaning that
the applied support pressure rT is larger than the collapse
pressure rc, and the brackets are updated as [rl

T,

0:5ðrl
T þ ru

TÞ]. Otherwise, the brackets are updated as

[0:5ðrl
T þ ru

T), r
u
T]. This process is repeated until the differ-

ence between the lower bracket and the upper bracket is
less than or equal to a specified tolerance d (e.g., 0:2 kPa).

The determination process of the collapse pressure for
the central point (c ¼ 7 kPa; u ¼ 17�) is shown in Fig. 6.
First, the tunnel face is evaluated to be unstable for a trial

value rT ¼ 20 kPa (� > 1	 10�5), and stable for another

trial value rT ¼ 40 kPa (� � 1	 10�5), meaning that the
brackets can be established as [20 kPa, 40 kPa].

Then, a FISH program is written to control the determi-
nation process. In each iteration, the mean of the brackets
is used as the trial value of the support pressure. In the 1st
iteration, the support pressure is rT ¼ 20þ40

2
¼ 30 kPa,
Fig. 6. Determining the collapse pressure for the central point.
under which the tunnel face is stable (� � 1	 10�5). Based
on the bisection algorithm, the brackets are updated to be
[20 kPa, 30 kPa], and the mean rT ¼ 20þ30

2
¼ 25 kPa is

applied in the 2nd iteration to evaluate tunnel face stability.
This process is repeated until the mean of the brackets (i.e.,
the collapse pressure) convergence to 25:7 kPa at the end
of the 7th iteration. Similarly, the collapse pressures of
the other experimental points with k ¼ 1; 2, and 3 are deter-
mined, as listed in Table 2.

For experimental points with k ¼ 3, the coefficients of
Eq. (3) are solved as

a ¼ ½158:144;�2:663;�10:069;�1:98	 10�2;�0:202�;
ð5Þ

which determines the function of collapse pressure as

rc ¼ 158:144� 2:663c� 10:069u� 1:98	 10�2c2 � 0:202u2:

ð6Þ
To validate the accuracy of the surrogate model, the col-

lapse pressures of the other 8 experimental points with
k ¼ 1 and k ¼ 2 are compared with those predicted by
Eq. (5). As shown in Fig. 7, the datasets containing the sim-
ulated and predicted collapse pressures fit well with the 1∶1
line, suggesting that the surrogate model is capable of cal-
culating the collapse pressure for the MCS samples.

Step 2: Generate N MCS samples.
Consider two target reliability indexes, bT ¼ 1:5

(P fT ¼ 0:07) and bT ¼ 2:0 (P fT ¼ 0:023). A total of
N ¼ 1500 and N ¼ 4500 MCS samples are generated using
Latin hypercube sampling (LHS) based on the distribu-
tions of the cohesion and the friction angle of soil (Pan &
Dias, 2017a).

Step 3: Calculate the collapse pressures.
Using Eq. (6), the collapse pressures of the MCS sam-

ples are calculated, as shown in Fig. 8.
Step 4: Determine the support pressure.
The vector of the collapse pressures of the 1500 and

4500 MCS samples are:

Dr ¼ 33:04; 29:32; 26:44; � � �; 24:23½ �; ð7Þ
and

Dr ¼ 29:52; 28:38; 17:20; � � �; 21:10½ �: ð8Þ
The new dataset containing the sorted collapse pressures

is:

D0
r ¼ 7:12; 10:05; 10:19; � � �; 52:20½ �; ð9Þ

and

D0
r ¼ 6:71; 6:79; 7:55; � � �; 57:23½ �: ð10Þ
For P fT ¼ 0:07 (i.e., bT ¼ 1:5), the rank of the collapse

pressure i is:

i ¼ N 1� P fTð Þ ¼ 1500	 1� 0:07ð Þ ¼ 1395; ð11Þ
which determines the required support pressure (see Fig. 9
(a)):
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rT ¼ r0i
c þ r0iþ1

c

2
¼ 36:883þ 36:889

2

 36:9 kPa: ð12Þ

Under this support pressure, the samples with indexes
ranging from 1396 to 1500 are unstable since the applied
support pressure rT is less than their collapse pressures,
resulting in a failure probability of
ð1500� 1395Þ=1500 ¼ 0:07, which is the same as the target
failure probability.

Similarly, the rank of the collapse pressure i for
P fT ¼ 0:023 is:

i ¼ N 1� P fTð Þ ¼ 4500	 1� 0:023ð Þ ¼ 4396:5 
 4396;

ð13Þ
based on which the required support pressure is determined
(see Fig. 9(b)):

rT ¼ r0i
c þ r0iþ1

c

2
¼ 41:018þ 41:089

2

 41:05 kPa: ð14Þ

The cumulative distribution function of the collapse
pressures can be obtained by drawing the sorted collapse
pressure r0

c on the x-axis and the ratio between the rank
and the total number N on the y-axis, as shown in
Fig. 10. For a target failure probability P fT, the curve of
CDF also represents the relationship between ð1� P fTÞ
and the required support pressure rT. It provides an intu-
itive way to determine the support pressure aiming at any
failure probability.

3.3 Validation

To validate the determined reliability-based support
pressures, direct MCS were performed by repeating N
numerical simulations using FLAC3D. Each simulation
takes approximately 3–4 min, and nearly 5 and 15 d were
used to complete 1500 and 4500 strength reduction analy-
ses, respectively.

As shown in Fig. 11(a), there are 109 unstable samples
for rT ¼ 36:9 kPa and N ¼ 1500, giving a failure probabil-
ity of P f ¼ 109=1500 ¼ 0:073, which agrees well with the
target value P fT ¼ 0:072. Similarly, the failure probability
for rT ¼ 41:05 kPa and N ¼ 4500 is found to be
P f ¼ 0:027, as shown in Fig. 11(b).

In MCS, the 95% confidence interval for the probability
of unsatisfactory performance can be estimated (Low &
Phoon, 2015):
Table 2
Collapse pressures for experimental points derived from the central composite

Ref. No. Cohesion (kPa) Friction angle (�)

1 c u
2 c� krc u
3 cþ krc u
4 c u� kru
5 c uþ kru
error ¼ 200

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1� P fT

NP fT

s
	 100%; ð15Þ

which is 18.8% based on P fT ¼ 0:07 and N ¼ 1500, and the
95% confidence interval for P fT is, approximately,
ð1� 0:188Þ 	 0:07 � P fT � ð1þ 0:188Þ 	 0:07, or
0:057 � P fT � 0:083Þ. In the case of P fT ¼ 0:023 and
N ¼ 4500, it is 0:019 � P fT � 0:027. This means that two
failure probabilities under the support pressure of
rT ¼ 36:9 kPa and rT ¼ 41:05 kPa fall within the 95% con-
fidence interval, proving the accuracy of the proposed
approach.
4 Discussions

4.1 Sample size

The support pressure rT designed for P fT is sample-
based since it is related to the ith and ðiþ 1Þth collapse
pressures of the random sample hi

0 and hiþ1
0, which vary

from different runs of MCS due to sampling uncertainty,
resulting in a slight fluctuation in the solutions. This fluctu-
ation may be reduced with the increase of the sample size N
because the interval between adjacent collapse pressures
becomes very small when the sample size N is sufficiently
large (see Fig. 10). To investigate the influence of the sam-
ple size N , three values of N=10=P fT ; 100=P fT, 1000=P fT

are set to generate random samples for P fT ¼ 0:07 and
P fT ¼ 0:023 to determine the required support pressures.
Figure 12 shows the results of ten runs of MCS. In the case
of P fT ¼ 0:07, the means of the support pressure for
N ¼ 10=P fT, 100=P fT, and 1000=P fT are 36:79, 36:77, and
36:76 kPa, respectively, whereas the standard deviations
are 0:65, 0:23, 0:10 kPa, respectively. For P fT ¼ 0:023, the
means and standard deviations for different sample sizes
become 40:69, 41:04, 41:05 kPa and 0:58, 0:19, 0:05 kPa,
respectively. The means of the support pressure for differ-
ent sample sizes have a good agreement with each other,
which are approximately 36:8 and 41:0 kPa, respectively,
for P fT ¼ 0:07 and P fT ¼ 0:023, whereas the standard devi-
ations decrease with the increase of sample size.

The sample size N ¼ 100=P fT is recommended to reach a
balance between efficiency and accuracy. The computation
cost increases with the target reliability index. If the target
reliability index is bT ¼ 4:0, the failure probability is
design (CCD).

Collapse pressure rc (kPa)

k ¼ 1 k ¼ 2 k ¼ 3

25.7 25.7 25.7
29.9 34.2 37.7
21.6 17.4 13.0
31.5 38.7 47.3
21.3 17.6 14.6



Fig. 7. Comparison between the simulated and predicted collapse
pressure.
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0.000 031 67 and the required sample size is N ¼ 3 157 439,
which takes only 16 s to compute the reliability-based sup-
port pressure, indicating that the proposed approach is
capable of dealing with design aiming at a small target fail-
ure probability.

4.2 Correlation coefficient

In practice, the cohesion c and the friction angle u of
soil are usually negatively correlated, indicating that the
chance of having both lower values for c and u is smaller
(Liu & Low, 2018). To investigate the influence of the cor-
relation coefficient q between c and u on the required sup-
port pressure, the target reliability indexes ranging from 0:5
to 4:0 with an interval of 0:5 are used for the RBD of the
support pressure for cases with q ¼ 0;�0:3;�0:5;�0:7;
and �0:9, respectively. The relationships between rT and
bT with different values of q are shown in Fig. 13(a). As
can be seen, the required support pressure is decreased with
Fig. 8. Collapse pressures of MCS.
the decrease of the correlation coefficient q. This may be
explained by Fig. 13(b), in which the red dashed line
through the design points for different correlation coeffi-
cients with bT ¼ 2:0 represents the relationship between
the design point and the b�ellipse. It is denoted by the
function GðrT; hÞ ¼ 0. The case with a lower correlation
coefficient intends to have a design point with relatively
large values (or combination) of c and u, implying that
the collapse pressure is relatively small.
4.3 Experimental points

It is well known that the accuracy of RSM is influenced
by the choices of the experimental points. A relatively large
value of k needs to be used to make the response surface
model valid within the range of experimental points. To
investigate this influence, another two response surface
models are constructed using the collapse pressures of the
experimental points with k ¼ 1 and k ¼ 2 (see Table 1).
The support pressure that satisfies the target reliability
index bT ranging from 0:5 to 4:0 with an interval of 0:5 is
determined, as shown in Fig. 14(a). The solutions deter-
mined by the models constructed using experimental points
with k ¼ 1 and k ¼ 2 have a good agreement but are rela-
tively smaller than those determined by the model con-
structed with k ¼ 3. Since the prediction accuracy of the
model with k ¼ 3 has already been validated (see Figs. 6
and 9), the models with k ¼ 1 and k ¼ 2 are not suitable
for predictions of the collapse pressure of random samples.

For illustration, Fig. 14(b) compares the locations of the
experimental points with k ¼ 1; 2, and 3 to those of the
design points (hi and hiþ1) determined aiming at bT ¼ 1:5
and bT ¼ 2:0. As can be seen, the design points are dis-
tributed within the range or in the vicinity of the experi-
mental points with k ¼ 3. The design point is very likely
to have a pair of lower shear strength parameters because
(a) bT ¼ 1:5, and (b)bT ¼ 2:0.



Fig. 9. Determination of the required support pressure. (a) bT ¼ 1:5, and (b) bT ¼ 2:0.
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its collapse pressure r0i
c , i.e., the chosen support pressure rT

should be large enough to ensure the safety of most MCS
Fig. 10. Perspective of cumulative distribution function of collapse
pressure.

Fig. 11. Failure probability calculated by MCS.
samples. Consequently, a relatively large value of k is a rea-
sonable choice for selecting experimental points. Further
research can be conducted to explore the strategy of select-
ing experimental points that are much closer to the design
points.
4.4 Surrogate model

For comparison, the Kriging mode (Zhou et al., 2020),
radial basis function (RBF), and elliptical basis function
(EBF) are employed to construct surrogate models for pre-
dictions of collapse pressure for random samples. Similar
to RSM, the experimental points with k ¼ 3 are used to
construct surrogate models, which are then used to predict
the collapse pressures for experimental points with k ¼ 1
and k ¼ 2. Figure 15(a) compares the collapse pressures
of validation points predicted by RBF, Kriging, and EBF
surrogate models to those simulated in FLAC3D. The val-
idation points are in good agreement with the 1∶1 dashed

line, and the correlation coefficients R2 (see Table 3)
(a) rT ¼ 36:90 kPa, and (b) rT ¼ 41:05 kPa.



Fig. 12. Support pressures with different sample sizes. (a) P fT ¼ 0:07, and (b) P fT ¼ 0:023:

Fig. 13. Influence of coefficient between cohesion and friction angle of soil on RBD of support pressure. (a) rT versus bT, and (b) design points for
different q with bT ¼ 2:0.

Fig. 14. Influence of experimental points on RBD of support pressure. (a) rT versus bT with different values of k, and (b) location of design points and
experimental points.
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Fig. 15. Influence of surrogate models on RBD of support pressure. (a) Prediction accuracy, and (b) location of design points and experimental points.

Table 3
Prediction performance of different surrogate models.

Surrogate model Deterministic prediction R2 Simulated failure probability P f under the determined support pressure

RSM 0.998 0.073 0.027
RBF 0.992 0.065 0.026
Kriging 0.992 0.067 0.022
EBF 0.997 0.072 0.025

Target failure probability P fT – 0.070 0.023
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between the predicted and simulated collapse pressures are
0.992, 0.992, and 0.997, respectively, which is slightly smal-
ler than that of RSM (0.998), implying that these models
can be used to predict collapse pressures with reasonable
accuracy.

These models are then incorporated with the proposed
approach to determine the required support pressures aim-
ing at target reliability index bT ranging from 0.5 to 4.0
with an interval of 0.5, as shown in Fig. 15(b). Generally,
the results of RBD derived from different surrogate models
are in good agreement with each other, except that the
results determined by RBF aiming at a target reliability
index larger than 3.0 are relatively smaller than the other
results. The accuracy of the RBD of the models is also
checked according to direct MCS according to three-
dimensional simulations. For P fT ¼ 0:07 and P fT ¼ 0:023,
the simulated failure probabilities (see Table 3) indicate
that the results of RBD also fall within the 95% confidence
interval.
5 Conclusions

This paper develops an MCS-based quantile value
approach for the RBD of tunnel face support pressure.
The performance function concerning tunnel face stability
is defined as the difference between the applied support
pressure and the collapse pressure. The support pressure
aiming at a target failure probability is taken as a quantile
value of a certain number of collapse pressures, which are
predicted by a pre-established response surface model.
Based on the above study, several conclusions can be
drawn:

(1) The proposed approach is capable of determining the
support pressure that is required to meet a target reli-
ability index or failure probability without repeating
forward reliability analysis. Instead, the RBD of tun-
nel face support pressure is converted to find a quan-
tile value of the collapse pressures of MCS samples.
This enables practitioners to perform the RBD of
tunnel face support pressure more directly. More-
over, the approach can be applied to other problems
where the design parameter of interest can not be
directly represented by the involving random
variables.

(2) The proposed approach is efficient as it takes only a
few seconds to compute the required support pres-
sure. The limitation of the approach is the need to
construct a surrogate model to predict the collapse
pressure for unknown samples. This process is rela-
tively complex and time-consuming. As a result, a
more sophisticated way (e.g., machine learning tech-
niques) of constructing surrogate models is desirable
to be explored in future studies.

(3) The accuracy of an RBD result is influenced by fac-
tors including the sample size, the choice of a surro-
gate model, and the experimental points used for
constructing a surrogate model. The validations
according to MCS incorporated with three-
dimensional simulations demonstrate that the sample



198 B. Li et al. / Underground Space 18 (2024) 187–198
size of 100=P fT is sufficient to provide relatively accu-
rate results. RSM is a reasonable choice of the surro-
gate model due to its advantages of simplicity and
accuracy. The step size used in CCD is recommended
to be k ¼ 3 to provide a relatively larger applicable
range for the surrogate model.

(4) Analytical methods such as limit analysis and limit
equilibrium can also play the role of predicting the
collapse pressures for random samples in a much fas-
ter way since the process of establishing a surrogate
model is not needed. However, the proposed
approach that constructs a surrogate model accord-
ing to numerical simulations is still very useful since
it is not limited to complex situations, such as tunnels
with non-circular cross-sections, tunnels driven in
layered soil, tunnels subjected to seepage forces, and
so on.
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